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Abstract. Ground-based microwave radiometers (GMWRs)
and Mie—Raman lidars (MRLs) provide valuable thermody-
namic observations for atmospheric profiling, but conven-
tional variational retrieval frameworks typically rely on static
observation weighting assumptions that may not adequately
represent varying observation quality under precipitation
conditions. To address this limitation, an adaptive observa-
tion weighting framework based on the Thermodynamic-
Constrained Kalman Filter 1D-Var framework (TCKF1D-
Var) is developed and evaluated using 107 nocturnal heavy-
precipitation cases. The proposed method dynamically es-
timates the relative contribution of individual observations
during the retrieval process and is applied to GMWR, MRL,
and GMWR-MRL synergistic retrievals. Retrieval perfor-
mance is assessed against radiosonde observations and com-
pared with that of a conventional static-weighting TCKF1D-
Var framework. Results show that the adaptive weighting
approach consistently improves retrieval accuracy, with the
most significant improvements found for water vapor mass
mixing ratio profiles. For both GMWR and MRL retrievals,
reductions in mean bias and root-mean-square error are ob-

tained relative to the static-weighting framework. The syn-
ergistic retrieval further improves moisture-profile retrievals
and generally achieves the best overall performance among
all experiments. Diagnostic analyses reveal that the adap-
tive framework dynamically adjusts the utilization of ob-
servational information according to sensor characteristics
and atmospheric conditions, while redistributing observa-
tional influence between GMWR and MRL measurements
during synergistic retrievals. These results demonstrate that
adaptive observation weighting provides an effective strategy
for improving thermodynamic profile retrievals under heavy-
precipitation pre-onset conditions.

1 Introduction

Nocturnal heavy precipitation (NHP) events pose a substan-
tial threat to society because they frequently occur during pe-
riods of reduced public awareness and emergency response
capacity, thereby increasing the risk of casualties and eco-
nomic losses. Recent studies (Luo et al., 2020; Chen et al.,
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2021; Richardson et al., 2024; Sun et al., 2025; Gao et al.,
2026) have further indicated that both the frequency and in-
tensity of NHP events have increased over many regions of
China under a warming climate. Improving the lead time
and accuracy of NHP forecasts has therefore become an im-
portant objective for both operational forecasting and atmo-
spheric research. Achieving this objective requires a more
accurate characterization of the atmospheric conditions that
govern the initiation and subsequent evolution of heavy pre-
cipitation (Lohnert et al., 2026). In particular, the initia-
tion and rapid intensification of convective precipitation are
strongly controlled by the pre-onset thermodynamic environ-
ment, especially the vertical distributions of temperature and
water vapor (Behrendt et al., 2011; Wulfmeyer et al., 2011;
Kirshbaum et al., 2018; Ahmed et al., 2020). Consequently,
the growing deployment of ground-based atmospheric profil-
ing instruments has created new opportunities for extending
the prediction lead time of heavy precipitation through the
monitoring of atmospheric thermodynamic structures before
precipitation onset.

Among these instruments, ground-based microwave ra-
diometers (GMWRs) have become widely used owing to
their capability to continuously observe atmospheric ther-
mal and moisture conditions under nearly all weather con-
ditions (Giildner and Spinkuch, 2001; Lohnert and Maier,
2012; Cimini et al., 2015; Temimi et al., 2020). By mea-
suring naturally emitted microwave radiation from atmo-
spheric gases and cloud liquid water at multiple frequen-
cies, GMWRs provide continuous retrievals of temperature
and humidity profiles throughout the troposphere, with typ-
ical retrieval products achieving temporal resolutions of ap-
proximately 2 min and vertical resolutions ranging from less
than 100 m within the planetary boundary layer to several
hundred meters in the free troposphere (Askne and West-
water, 1986; Hewison, 2007; Yan et al., 2020). In contrast
to the passive observing strategy employed by GMWRs,
Mie-Raman Lidars (MRLs) actively probe the atmosphere
using laser backscatter techniques. An MRL operating at
a wavelength of 354.7nm simultaneously detects nitrogen
Raman signals near 386.7 nm and water-vapor Raman sig-
nals near 407.5 nm, enabling high-resolution profiling of at-
mospheric moisture (Vaughan et al., 1988; Di Girolamo et
al., 2017; Lange et al., 2019, 2025; Whiteman et al., 2010;
Wulfmeyer et al., 2015a; Behrendt et al., 2002). Compared
with GMWRs, MRLs provide substantially finer and nearly
height-independent vertical resolution, typically better than
45m, allowing detailed characterization of moisture gradi-
ents, turbulent mixing processes, and boundary-layer struc-
tures that are often closely related to convection initiation
(Wulfmeyer et al., 2011; Gambacorta et al., 2025). How-
ever, Raman lidar observations are strongly affected by cloud
attenuation, precipitation, and aerosol loading, which lim-
its their capability for continuous all-weather monitoring
(Wandinger, 2005; Filioglou et al., 2017). Given the comple-
mentary strengths and limitations of these two observing sys-
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tems, considerable effort has been devoted to combining mi-
crowave radiometer and Raman lidar observations for ther-
modynamic profile retrievals and has demonstrated that syn-
ergistic retrieval frameworks can significantly improve the
accuracy and vertical resolution of atmospheric temperature
and humidity profiles while extending the observational cov-
erage from the planetary boundary layer into the free tropo-
sphere (Lohnert et al., 2004; Ji et al., 2025; Barrera-Verdejo
et al., 2016; Meunier et al., 2015; Foth et al., 2015; Gerber et
al., 2004; Han et al., 1994).

Despite these advances, an important limitation remains.
Most existing retrieval systems primarily focus on improv-
ing retrieval accuracy, whereas relatively little attention has
been paid to quantifying the individual contributions of dif-
ferent observations to the final retrieval solution diagnosed
by the cost function. For microwave radiometers, methods
capable of diagnosing the contribution of individual obser-
vation channels remain limited. For Raman lidar retrievals,
the relative importance of measurements acquired at differ-
ent range bins has rarely been systematically investigated.
Furthermore, within multi-sensor retrieval frameworks, few
studies have attempted to quantify how observations from
different instruments contribute to the retrieved thermody-
namic profiles or how these contributions vary with height
and atmospheric conditions. This lack of diagnostic capa-
bility restricts the physical interpretation of retrieval results
and limits our understanding of the contribution provided
by different observing systems. To address these challenges,
this study extends the Thermodynamic Constrained Kalman
Filter One-Dimensional Variational (TCKF1D-Var) retrieval
framework developed in our previous work (Zhang et al.,
20264, b) by introducing an adaptive observation weighting
scheme into the retrieval cost function, as summarized in Ta-
ble Al (Appendix A). Unlike conventional approaches that
rely on fixed observation weights, the proposed framework
incorporates dynamically optimized weighting coefficients
that are estimated during the retrieval process. The resulting
methodology provides a quantitative measure of the relative
contribution of individual observations to the retrieved ther-
modynamic profiles. Consequently, it provides a systematic
means of examining the relative observational influence of
individual GMWR channels, MRL range bins, and the two
observation types within the synergistic retrieval configura-
tion, which may provide indirect insights into their relative
information contributions.

The remainder of this paper is organized as follows. Sec-
tion 2 describes the observational instruments and datasets
used in this study. Section 3 introduces the methodologi-
cal developments of the TCKF1D-Var framework, includ-
ing the implementation of the adaptive observation weighting
scheme. Section 4 evaluates the retrieval performance and
analyzes the contributions of individual observations in the
GMWR, MRL, and GMWR-MRL synergistic retrieval ex-
periments. Finally, Sect. 5 summarizes the main findings and
discusses future applications of the proposed methodology.
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Figure 1. Geographic distribution of the co-located radiosonde,
GMWR, and MRL observation sites used in this study across
China. The topographic basemap was obtained from ArcGIS On-
line and is provided by Esri | Powered by Esri. For more informa-
tion on this map, visit https://www.arcgis.com/home/item.html1?id=
10df2279f9684e4a9f6a7f08febac2a9 (Esri et al., 2026).

2 Instrument and data

As part of the modernization of the national atmospheric ob-
serving network, the China Meteorological Administration
began deploying GMWRs and MRLs at key observational
sites in 2021 (Zhang et al., 2025; Shao et al., 2025). This ini-
tiative has substantially enhanced the capability for contin-
uous profiling of atmospheric thermodynamic and dynamic
structures. By the end of 2025, MRL systems had been de-
ployed at 56 radiosonde stations participating in the inter-
national upper-air data exchange program, with each site
providing more than one year of operational observations
(Fig. 1). The observational datasets used in this study consist
of GMWR measurements, MRL observations, radiosonde
soundings, and surface precipitation records. Detailed techni-
cal specifications for these datasets are described in Sect. 2.1,
Sect. 2.2, and Sect. 2.3, respectively. In addition, the atmo-
spheric prior profiles used to initialize the retrieval frame-
work are introduced in Sect. 2.4.

21 GMWR

Compared with our previous study (Zhang et al., 2026a),
the number of GMWR channels used in the present work
has been reduced from 14 to 9. This adjustment was made
to ensure the consistency and comparability of observations
across the nationwide dataset. Specifically, the 56 observa-
tional sites included in this study are equipped with 7 dif-
ferent models of ground-based microwave radiometers, each
with slightly different channel configurations. To establish
a uniform observation vector applicable to all stations, only
the channels common to all instrument models were retained.
As a result, the retrieval framework utilizes measurements at
22.235, 23.035, 23.835, 26.235, 51.25, 52.28, 53.85, 54.94,
and 56.66 GHz. Although this channel selection reduces the
total number of available observations relative to Zhang et
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al. (2026a), it ensures methodological consistency and en-
ables the retrieval framework to be applied uniformly across
the entire observational network.

2.2 MRL

The MRLs emit laser pulses at 354.7, 532.1, and 1064.1 nm
with single-pulse energies of 0.6, 1.5, and 1.8 mJ, respec-
tively, and a repetition rate of 1000 Hz. Beam divergence is
0.3 mrad for the ultraviolet and green channels and 0.5 mrad
for the infrared channel. A Cassegrain telescope with a 30 cm
primary mirror and a field of view of 1 mrad collects the
backscattered signals. The receiver includes eight detection
channels, three of which are Raman channels centered at
386.7, 407.5, and 607.6 nm for retrieving atmospheric wa-
ter vapor and nitrogen signals. These channels are equipped
with narrowband interference filters (bandwidth 0.5-1 nm)
with high peak transmission (80 %—-90 %) and strong out-
of-band rejection (OD6—0OD7). Photomultiplier tube (PMT)
detectors with 40 % quantum efficiency, a dark count rate
of 100 countss™!, and a maximum linear count rate of
1.5 x 10° counts s~! are used. The system achieves a pulse-
pair resolution of 30ns, an effective vertical resolution of
30m, and a blind range height of 150 m. Detailed system
specifications are summarized in Zhang et al. (2026b).

2.3 In situ observations

At the co-located radiosonde stations, routine soundings
were conducted twice daily, at approximately 00:00 and
12:00 UTC. The radiosonde measurements provide temper-
ature with a resolution of 0.1 K and an accuracy of 0.5K,
relative humidity with a resolution of 1 % and an accuracy of
5 %, and pressure with a resolution of 0.1 hPa and an accu-
racy of 0.5hPa (Cao et al., 2026). These observations serve
as independent reference data for evaluating the accuracy of
retrieved thermodynamic profiles. In addition, hourly accu-
mulated precipitation from tipping-bucket rain gauges was
used to identify extreme precipitation events (Sect. 4), with
an absolute measurement bias of £0.2 mm under light rain-
fall conditions (< 4 mmh~!) and a relative bias within +4 %
during heavy rainfall (> 10 mmh~").

2.4 Atmospheric priori

The ERAS reanalysis dataset (Hersbach et al., 2020) is used
in this study to provide the a priori atmospheric state for the
retrieval of water vapor mass mixing ratio profiles. ERAS of-
fers dynamically consistent and physically constrained atmo-
spheric fields by assimilating a comprehensive set of satel-
lite and in situ observations within a state-of-the-art numer-
ical weather prediction system. Given its extensive valida-
tion and widespread application, ERAS is well suited for
providing background information in variational retrieval
frameworks. In this study, profiles of temperature, specific
humidity, pressure, and geopotential height are extracted
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from ERAS and interpolated to the observational sites us-
ing nearest-neighbour spatial interpolation. A temporal re-
finement is subsequently applied using an inverse distance
weighting approach to better match the timing of the ground-
based observations.

It should be noted that the ERAS profiles serve not only
as initial background states but also as a source of prior
constraints in the retrieval through the background term of
the cost function. Therefore, the retrieved profiles may re-
tain some characteristics of the ERAS background, particu-
larly when the observational constraints are relatively weak
or when the assumed background uncertainty is small. The
retrieval framework is intended to regulate the influence of
observations and background information according to the
retrieval conditions, rather than simply compensate for sys-
tematic deficiencies in ERAS. When the observations pro-
vide stronger or more consistent constraints than the back-
ground, the retreival framework can increase their relative
influence and thereby reduce the dependence of the retrieval
on the background state. Conversely, when the observational
constraints are weaker, the background information can re-
tain a greater role in determining the retrieval solution. Thus,
the final result should be interpreted as resulting from a more
flexible balance between observations and background infor-
mation, rather than as a direct correction of ERAS deficien-
cies.

3 Adaptive observation weighting TCKF1D-Var

In our previous studies, we demonstrated that using virtual
potential temperature as the control variable together with a
ratio-based cost function allows more effective utilization of
GMWR observations, producing temperature and humidity
retrieval profiles that are more accurate than those obtained
with the classical 1D-Var approach (Zhang et al., 2026a).
Building on this work, we further applied the same approach
to the MRL water vapor and nitrogen Raman channels, con-
firming the method’s applicability to MRL observations as
well (Zhang et al., 2026b). The ratio-based cost function with
virtual potential temperature as the control variable can be
expressed as:

2 2
J(x)=<@—1> +<M—1> : (1)
y Ov(xo)

where x denotes the retrieval profile, H(y) is the observation
operator (which differs depending on the type of observation,
e.g., GMWR or MRL), 0, is the virtual potential tempera-
ture calculated from the retrieved profiles, and x, represents
the atmospheric prior from ERAS reanalysis. When the cost
function is expanded to account for all observation channels
(for GMWR) or vertical bins (for MRL), as well as the verti-
cal resolution of the retrieval profiles, it becomes:
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where m denotes the number of observation channels or
vertical bins, and n is the number of vertical layers in the
retrieval. This formulation underlies the static observation
weighting TCKF-1D-Var described in Sects. 4.1 and 4.2. By
introducing adjustable weights ¢t (¢! € (0, 1)) for each obser-
vation i that can be diagnosed during the cost function mini-
mization, the static formulation is generalized to the adaptive
observation weighting TCKF-1D-Var:

(Y s (B )
J(X)ZZi:IC Vi -1 +Zj:l Y RS
v(x)

For the synergistic retrieval using both GMWR and MRL ob-
servations (Sect. 4.3), the cost function is extended by includ-
ing additional observation terms:

k 2
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Introducing adaptive weights for each observation leads to
the adaptive observation weighting formulation for the syn-

ergistic retrieval:

k 2
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ey
+Zj=l< o _1> : 4)

As in our previous work (Zhang et al., 2026a, b), the mini-
mization of the cost function in this study is performed us-
ing the L-BFGS-B algorithm (Gerber and Furrer, 2019). This
framework allows both single-instrument and synergistic re-
trievals to adaptively weight observations, improving the ac-
curacy and consistency of the retrieved temperature and hu-
midity profiles. The vertical grid used for the retrieved atmo-
spheric profiles is consistent with that adopted in Zhang et
al. (2026b). The retrieval domain extends from the surface to
10.2km above ground level (kma.g.l.) and employs a non-
uniform vertical grid, with a vertical spacing of 30 m from O
to 3 km, 150 m from 3 to 6 km, and 300 m from 6 to 10.2 km.
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The observation weights introduced in Eqs. (3)—(5) are
optimized mathematical parameters that regulate the rela-
tive influence of individual observations in the retrieval cost
function. They should therefore be interpreted primarily as
adaptive weighting factors within the specific retrieval frame-
work, rather than as direct measures of the intrinsic or for-
mal information content of the observations. Because their
optimized values are jointly affected by observation residu-
als, background uncertainties, retrieval constraints, and the
prevailing atmospheric conditions, variations in the weights
reflect changes in the relative observational influence during
the retrieval process. The interpretation of optimized weights
as indicators of information content would additionally re-
quire several assumptions. In particular, the observation-
error statistics and background-error covariance should be
appropriately specified, the observation operators should ad-
equately represent the relationship between the observed
quantities and the retrieved state, and the cost-function terms
should be consistently formulated and normalized. Even un-
der these assumptions, the optimized weights would more
appropriately be regarded as indicators of the relative influ-
ence of observations on the retrieval solution rather than di-
rect estimates of formal information content. A rigorous in-
terpretation in terms of information contribution would re-
quire an explicit information-content analysis.

4 Results and discussion

Following our previous study (Zhang et al., 2026a, b), noctur-
nal heavy precipitation events were defined as cases with an
hourly accumulated precipitation amount > 10 mm. To en-
sure a consistent comparison among the three sensitivity ex-
periments based on GMWR-based retrievals (GMWROnly,
Sect. 4.1), MRL-based retrievals (MRLOnly, Sect. 4.2),
and GMWR-MRL synergistic retrievals (GMWRnMRL,
Sect. 4.3), an additional data-availability constraint was im-
posed. Specifically, only events for which both the GMWR
and MRL provided valid observations during the precipita-
tion period were retained for analysis. As a consequence,
the final sample size used in this study was reduced relative
to that employed in Zhang et al. (2026a), resulting in a to-
tal of 107 nocturnal heavy precipitation cases. The statistical
characteristics of the selected events are summarized in Ta-
ble 1. Among the 56 observational sites included in the study,
26 sites experienced at least one nighttime heavy precipita-
tion event that satisfied the selection criteria. To further char-
acterize the intensity distribution of the selected cases, the
events were categorized into three precipitation classes ac-
cording to hourly accumulated precipitation (PI): 10-20 mm,
20-30 mm, and > 30 mm. The majority of cases (82 events,
approximately 76.6 % of the total sample) fell within the 10—
20 mm category, while 14 events (13.1 %) were associated
with hourly precipitation amounts between 20 and 30 mm.
The remaining 11 events (10.3 %) exceeded 30 mm.
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To quantitatively evaluate the retrieval performance of the
adaptive observation weighting TCKF1D-Var and static ob-
servation weighting TCKF1D-Var frameworks, radiosonde
observations are used as the reference dataset. The accuracy
of the retrieved thermodynamic profiles is assessed using two
commonly adopted statistical metrics: the mean bias (MB)
and the root-mean-square error (RMSE). The MB is used to
quantify the systematic deviation of the retrievals from the
radiosonde observations, while the RMSE provides a mea-
sure of the overall retrieval error by accounting for both sys-
tematic and random discrepancies. These metrics are calcu-
lated at each retrieval level by comparing the retrieved ther-
modynamic variables with the corresponding radiosonde ob-
servations according to:

MB = Ret — Raob, (6)
" (Ret— Raob)?
RMSEz\/Z’ZI( en aob)” %

where Ret denotes the thermodynamic retrievals produced
by either the adaptive observation weighting TCKF1D-Var
or the static observation weighting TCKF1D-Var framework,
Raob represents the corresponding radiosonde observations,
and n is the total number of matched retrieval-radiosonde
profile pairs used in the statistical analysis, n denotes the
sample size.

4.1 Adaptive weighting for ground-based microwave
radiometer retrievals

4.1.1 Retrieval performance of adaptive and static
weighting schemes

As shown in Fig. 2, GMWR observations can be effectively
digested within both the adaptive observation weighting
TCKF1D-Var and static observation weighting TCKF1D-Var
frameworks to correct the prior temperature and water vapor
mass mixing ratio profiles. However, the incorporation of the
adaptive observation weighting strategy leads to an improved
retrieval performance compared with the static weighting ap-
proach. For the temperature profiles, the MB distributions
shown in Fig. 2a demonstrate that both the GMWROnly
Adaptive Weight retrievals (red line) generated by adap-
tive observation weighting TCKF1D-Var framework and the
GMWROnly Static Weight retrievals (blue line) generated by
static observation weighting TCKF1D-Var framework pro-
duce smaller MB than the ERAS prior profiles (black line).
Nevertheless, the overall magnitude of the improvement re-
mains relatively limited, with the reduction generally smaller
than 0.02 K. Although the adaptive weighting strategy does
not substantially alter the temperature MB structure, a more
distinct advantage can be identified in the RMSE results.
As shown in Fig. 2b, both retrieval schemes reduce the
temperature RMSE relative to the ERAS prior, while the
GMWROnly Adaptive Weight retrievals consistently outper-
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Table 1. Nocturnal Heavy Precipitation Case Summary.

Q. Zhang et al.: Adaptive observation weighting in TCKF1D-Var

Station ‘ PI (mm) Number of Cases
WMOID Latitude Longitude | Maximum Minimum | Total Pl e Pl e Ple
@) ©) [10mm,20mm) [20mm,30mm) [30mm, +00)
50953 4593 126.57 314 22.7 3 0 1 2
53463 40.85 111.57 12.0 12.0 1 1 0 0
53845 36.58 109.45 15.9 15.9 1 1 0 0
54161 43.90 125.22 15.2 15.2 1 1 0 0
54340 41.66 123.32 23.8 10.3 2 1 1 0
56080 35.00 102.90 18.0 10.0 2 2 0 0
56187 30.75 103.86 18.1 18.1 1 1 0 0
56492 28.80 104.60 12.4 10.1 2 2 0 0
56571 27.90 102.27 20.9 20.9 1 0 1 0
56691 26.87 104.28 17.8 12.3 3 3 0 0
56739 24.98 98.51 15.2 10.1 2 2 0 0
56778 25.00 102.65 323 323 1 0 0 1
56964 22.79 100.96 25.8 10.7 6 4 2 0
57083 34.72 113.65 23.8 23.8 1 0 1 0
57461 30.74 111.36 514 18.7 6 2 1 3
57516 29.58 106.46 33.5 10.2 5 4 0 1
58150 33.75 120.30 38.7 10.0 7 4 2 1
58362 31.40 121.45 38.9 26.4 2 0 1 1
58424 30.62 116.97 28.1 10.2 6 5 1 0
58633 29.00 118.90 24.6 10.8 9 7 2 0
58725 27.33 117.47 36.7 12.2 2 1 0 1
58847 26.08 119.28 35.9 11.2 5 4 1 0
59211 23.90 106.60 14.1 11.0 5 5 0 0
59280 23.71 113.09 16.2 11.0 11 11 0 0
59293 23.79 114.73 19.2 10.0 10 10 0 0
59316 23.39 116.68 33.3 10.2 12 11 0 1

form the GMWROnly Static Weight retrievals. This improve-
ment is particularly evident between 900 and 4800 ma.g.1.,
where the RMSE reduction reaches approximately 0.02 K.
These results suggest that the adaptive observation weighting
strategy can provide a more balanced utilization of GMWR
observations and background constraints, thereby improving
the stability and accuracy of the temperature retrievals. Com-
pared with temperature, the influence of GMWR observa-
tions on the water vapor mass mixing ratio retrievals is more
pronounced. As illustrated in Fig. 2¢, both the GMWROnly
Adaptive Weight and GMWROnly Static Weight retrievals
exhibit substantially smaller MB than the ERAS prior pro-
files. More importantly, the adaptive observation weighting
approach further reduces the MB relative to the static weight-
ing method, with the most significant improvements occur-
ring between 600 and 4800 m. The maximum reduction in
MB reaches approximately 0.08 gkg™! near 2700 m. The
RMSE distributions of the water vapor mass mixing ratio
profiles shown in Fig. 2d further support this conclusion.
Consistent with the MB analysis, the GMWROnly Adaptive
Weight retrievals exhibit systematically smaller RMSE val-
ues than the GMWROnly Static Weight retrievals through-
out most of the troposphere. Although the maximum magni-

Geosci. Model Dev., 19, 9555-9580, 2026

tude of the RMSE improvement (approximately 0.05 gkg ™!

at 2700 m above ground) is smaller than that of the MB re-
duction, indicating that the adaptive observation weighting
strategy improves the overall bias characteristics of the mois-
ture retrievals. The results demonstrate that both TCKF1D-
Var retrieval schemes can utilize GMWR observations to re-
fine the prior thermodynamic profiles generated from ERAS
reanalysis, while the adaptive observation weighting strategy
introduces an additional level of flexibility that enhances the
retrieval performance.

To further investigate the performance of the adaptive ob-
servation weighting strategy under different precipitation in-
tensities, the validation cases were stratified according to
hourly accumulated precipitation. The resulting error statis-
tics are presented in Fig. 3. For cases associated with PI be-
tween 10 and 20 mm, the vertical distributions and magni-
tudes of both the MB (Fig. 3a and c¢) and RMSE (Fig. 3b
and d) closely resemble those obtained from the overall eval-
uation shown in Fig. 2. This consistency is expected because
this precipitation category accounts for 76.6 % of all valida-
tion samples and therefore dominates the aggregate statistics.
As a result, the performance characteristics identified in the
overall assessment are largely representative of this subset.

https://doi.org/10.5194/gmd-19-9555-2026
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Figure 2. Vertical distributions of the retrieval errors for temperature and water vapor mass mixing ratio profiles obtained using the ERA5
prior profiles, the GMWROnly Static Weight retrievals, and the GMWROnly Adaptive Weight retrievals. Panels (a) and (b) show the MB
and RMSE of the temperature profiles, respectively, while panels (c) and (d) present the corresponding MB and RMSE for the water vapor
mass mixing ratio profiles. The black lines denote the ERAS prior profiles, the blue lines represent the GMWROnly Static Weight retrievals
based on the static observation weighting TCKF1D-Var method, and the red lines indicate the GMWROnly Adaptive Weight retrievals
derived from the adaptive observation weighting TCKF1D-Var method. The shaded areas indicate the 95 % confidence intervals for the
ERAS (gray), GMWROnly Static Weight (blue), and GMWROnly Adaptive Weight (red) retrievals.

For cases with PI between 20 and 30 mm, the benefit of the
adaptive observation weighting strategy becomes more vari-
able. In terms of temperature retrieval, the differences be-
tween the adaptive and static weighting approaches are negli-
gible in the MB profiles (Fig. 3e), while a discernible reduc-
tion in RMSE is observed only between approximately 3.0
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and 4.8 kma.g.l. (Fig. 3f). In contrast, more substantial im-
provements are evident in the water vapor mass mixing ratio
retrievals. The adaptive observation weighting TCKF1D-Var
framework consistently produces smaller water vapor mass
mixing ratio MBs below 4.8 km (Fig. 3g), indicating a more
effective correction of the prior-state biases. A similar be-
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Figure 3. Vertical distributions of temperature and water vapor mass mixing ratio retrieval errors for the adaptive observation weighting
and static observation weighting TCKF1D-Var frameworks under different precipitation intensities. Panels (a)—(d) show the MB and RMSE
profiles for cases with hourly accumulated precipitation of 10-20 mm. Panels (e)—(h) show the corresponding results for cases with hourly
accumulated precipitation of 20-30 mm. Panels (i)—(I) present the results for cases with hourly accumulated precipitation exceeding 30 mm.
Temperature retrieval statistics are shown in panels (a), (b), (e), (f), (i), and (j), while water vapor mass mixing ratio retrieval statistics are
shown in panels (¢), (d), (g), (h), (k), and (1). The gray, blue, and red curves represent the prior profiles, the static observation weighting
TCKFI1D-Var retrievals, and the adaptive observation weighting TCKF1D-Var retrievals, respectively. Shaded regions indicate the 95 %

confidence intervals.

havior is found in the RMSE profiles (Fig. 3h), although the
altitude range exhibiting noticeable improvement is reduced
to approximately 4.2kma.g.l. For heavy-rainfall cases with
PI exceeding 30 mm, the superiority of the adaptive observa-
tion weighting strategy becomes considerably less apparent.
The temperature retrieval results show little difference be-
tween the adaptive and static weighting schemes in either
MB (Fig. 3i) or RMSE (Fig. 3j). Similar conclusions can
be drawn for water vapor mass mixing ratio retrievals. Al-
though both weighting schemes are capable of reducing the
MB and RMSE relative to the prior profiles by using GMWR
observations (Fig. 3k and 1), the available evidence does not
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indicate a statistically meaningful advantage of the adaptive
observation weighting approach over the conventional static
weighting method. Therefore, under the most intense precipi-
tation conditions examined in this study, the adaptive weight-
ing strategy does not provide a clear additional benefit for
improving the accuracy of retrieved thermodynamic profiles.
The reduced advantage of the adaptive weighting strategy
during the most intense precipitation events may be associ-
ated with the increased uncertainty of GMWR observations
under heavy rainfall conditions, which limits the effective-
ness of dynamically adjusting observational error statistics
(Bock et al., 2025).
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4.1.2 Adaptive channel weighting characteristics

The preceding experiments demonstrated that the adaptive
observation weighting TCKF1D-Var framework generally
produces more accurate thermodynamic profiles than both
the static observation weighting TCKF1D-Var framework
and the corresponding prior profiles for most nocturnal heavy
precipitation cases. To better understand the origin of these
improvements, it is necessary to examine how individual
channels are weighted within the adaptive retrieval frame-
work. Figure 4 presents boxplots of the channel weights as-
signed by the adaptive observation weighting TCKF1D-Var
method for the nine channels used in this study. Considering
all heavy precipitation cases together (Fig. 4a), clear differ-
ences can be identified among the four water vapor channels
(22.235, 23.035, 23.835, and 26.235 GHz). The first three
channels are consistently assigned relatively large weights,
with both median values and mean values exceeding 90 %.
Furthermore, the small differences between the medians and
means indicate that their contributions remain relatively sta-
ble across different atmospheric conditions. Although sev-
eral outliers are present, they account for less than 10 % of
the total samples and therefore have only a limited influence
on the overall statistics. In contrast, the 26.235 GHz channel
exhibits both lower median and mean weights, suggesting a
reduced contribution to the retrieval accuracy. The larger dis-
crepancy between its median and mean values further sug-
gests that the relative observational influence assigned to
this channel within the retrieval framework is more sensitive
to variations in environmental conditions. A similar pattern
is found among the oxygen absorption channels. The three
higher-frequency channels (53.85, 54.94, and 56.66 GHz) re-
ceive consistently large weights, with median and mean val-
ues generally exceeding 90 %, implying substantial and ro-
bust contributions to thermodynamic profile retrievals. Con-
versely, the lower-frequency channels (51.25 and 52.28 GHz)
are assigned noticeably smaller weights. The larger separa-
tion between their median and mean values also suggests that
their contributions vary more strongly among different pre-
cipitation events.

For cases with PI between 10 and 20 mm (Fig. 4b), the sta-
tistical characteristics are nearly identical to those obtained
from the complete dataset (Fig. 4a). The channels centered
at 22.235, 23.035, 23.835, 53.85, 54.94, and 56.66 GHz con-
sistently receive larger weights than the 26.235, 51.25, and
52.28 GHz channels, indicating that these six channels pro-
vide the dominant observational constraints on the thermody-
namic retrievals. Moreover, the close agreement between me-
dian and mean weights suggests that their contributions re-
main relatively stable under varying atmospheric conditions.
The results for the 20-30 mm precipitation category (Fig. 4c)
retain the overall characteristics observed in Fig. 4a, although
noticeable differences appear in the weight distributions of
the 26.235, 51.25, and 52.28 GHz channels. For these chan-
nels, the mean weights are located close to the first quartile,
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whereas the median values are much closer to the third quar-
tile. This behavior is primarily attributable to the combined
effects of a limited sample size (14 cases) and a relatively
large number of outliers, both of which increase the sensi-
tivity of the statistics to individual events. Despite a simi-
larly limited sample size for the most intense precipitation
category (> 30mm; 11 cases), the channel-weight distribu-
tions shown in Fig. 4d remain more consistent with the over-
all statistics than those in Fig. 4c, indicating that the dom-
inant channel-ranking characteristics are largely preserved
even under the strongest precipitation conditions examined
in this study. The reduced advantage of adaptive weighting
when precipitation exceeds 30 mm should nevertheless be in-
terpreted with caution. To minimize the direct contamination
of GMWR observations by precipitation, we used the collo-
cated minute-level precipitation observations to identify and
exclude GMWR observations obtained during precipitation
periods from the retrieval. In addition, the retrieval profiles
analysed here correspond to the profiles temporally closest
to the occurrence of the intense precipitation events, rather
than profiles obtained during active precipitation. These pro-
cedures substantially reduce the direct influence of precipi-
tation on the GMWR observations and ensure that the ob-
served retrieval differences are not simply a consequence
of including rain-contaminated GMWR measurements, but
precipitation-related environmental effects cannot be com-
pletely excluded.

An additional feature worth noting is that none of the
channels exhibit weights approaching 100 % across all cases.
This suggests that no individual GMWR channel consis-
tently dominates the observational constraints in the adap-
tive retrieval. However, this feature should not be inter-
preted as evidence that the intrinsic information content of
the GMWR observations is not fully utilized, because the
optimized weights reflect the combined effects of observa-
tional residuals, background uncertainties, and the retrieval
framework. Nevertheless, because the adaptive observation
weighting TCKF1D-Var retrievals generally outperform the
corresponding static-weighting retrievals, the discarded por-
tion of the observations can reasonably be interpreted as
residual observational information with limited relevance to
atmospheric temperature and humidity retrievals. Whether
these residuals still contain useful thermodynamic informa-
tion, especially for the 26.235, 51.25, and 52.28 GHz chan-
nels, and to what extent such information could be exploited
by future retrieval algorithms, remains an open question that
warrants further investigation.

4.2 Adaptive weighting for Mie—Raman lidar retrievals
4.2.1 Retrieval performance evaluation
The adaptive observation weighting TCKF1D-Var frame-

work also demonstrates an enhanced capability to correct
prior thermodynamic profiles when using MRL observations

Geosci. Model Dev., 19, 9555-9580, 2026
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Figure 4. Boxplots of the adaptive observation weights assigned to the 9 GMWR channels by the adaptive observation weighting TCKF1D-
Var framework. Results are shown for (a) all nocturnal heavy precipitation cases, (b) cases with hourly accumulated precipitation between
10 and 20 mm, (c) cases with hourly accumulated precipitation between 20 and 30 mm, and (d) cases with hourly accumulated precipitation
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respectively. The green horizontal lines indicate the median values, while the blue squares denote the mean values. Whiskers extend to 1.5

times the IQR, and red dots represent outliers beyond this range.

(Fig. 5). Similar to the results obtained from the GMWR ex-
periments (Fig. 2a and b), both the adaptive and static ob-
servation weighting schemes improve the temperature re-
trievals relative to the prior profiles. However, the magni-
tude of the improvement remains limited. The reductions in
both temperature MB (Fig. 5a) and RMSE (Fig. 5b) are rel-
atively small, indicating that the MRL observations provide
only modest additional constraints on the temperature pro-
file. Furthermore, the advantage of the adaptive observation
weighting framework over the static weighting framework
is only marginally discernible and is primarily reflected in
the RMSE profiles (Fig. 5b), where slightly smaller retrieval
errors are obtained throughout part of the atmospheric col-
umn. In contrast, the benefits of the adaptive weighting strat-
egy are more evident for water vapor mass mixing ratio re-
trievals. Compared with the prior profiles, the adaptive ob-
servation weighting TCKF1D-Var framework reduces both
the MB and RMSE of the retrieved water vapor mass mixing
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ratio by up to approximately 0.1 gkg~! (Fig. 5c and d). Al-
though the static observation weighting TCKF1D-Var frame-
work also improves the prior water vapor mass mixing ra-
tio profiles, its error reductions are generally smaller than
those achieved by the adaptive weighting approach. Conse-
quently, the adaptive observation weighting strategy appears
to make more effective use of the humidity information con-
tained in the MRL observations, resulting in a consistently
improved representation of the atmospheric moisture struc-
ture. The stronger impact on humidity retrievals than on tem-
perature retrievals is physically consistent with the fact that
the MRL observations provide direct information on atmo-
spheric water vapor, whereas temperature information is in-
troduced only indirectly through the retrieval framework.
The performance of the adaptive observation weighting
TCKFID-Var framework based on MRL observations for
different precipitation categories is summarized in Fig. 6.
Overall, the stratified evaluation results are broadly con-
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Figure 5. Same as Fig. 2, but for retrievals based on MRL observations. Panels (a) and (b) show the vertical distributions of temperature
MB and RMSE, respectively, while panels (¢) and (d) show the corresponding statistics for water vapor mixing ratio. Gray, blue, and red
curves represent the prior profiles, static observation weighting TCKF1D-Var retrievals, and adaptive observation weighting TCKF1D-Var
retrievals, respectively. Shaded regions indicate the 95 % confidence intervals.

sistent with the general performance assessment presented
in Fig. 5, indicating that the retrieval characteristics iden-
tified from the complete dataset remain valid across differ-
ent precipitation intensities. For cases with PI between 10
and 20 mm, both the adaptive and static observation weight-
ing frameworks exhibit error reductions that closely resem-
ble those obtained from the overall evaluation. The magni-
tudes and vertical distributions of the temperature and wa-
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ter vapor mass mixing ratio MB (Fig. 6a and c¢) and RMSE
(Fig. 6b and d) are generally consistent with those shown in
Fig. 5, suggesting that this precipitation category largely gov-
erns the overall retrieval statistics. For cases with PI between
20 and 30 mm, the impact of MRL observations on temper-
ature retrievals remains limited. As illustrated by the tem-
perature MB profiles (Fig. 6¢), neither the adaptive nor the
static observation weighting framework produces substantial
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Figure 6. Same as Fig. 3, but for retrievals based on MRL observations. Panels (a)—(d) show the MB and RMSE profiles of temperature and
water vapor mass mixing ratio retrievals for cases with hourly accumulated precipitation of 10-20 mm. Panels (e)—(h) show the corresponding
results for cases with hourly accumulated precipitation of 20-30 mm, while panels (i)—(1) present the results for cases with hourly accumulated
precipitation exceeding 30 mm. Temperature retrieval statistics are shown in panels (a), (b), (e), (f), (i), and (j), and water vapor mass mixing
ratio retrieval statistics are shown in panels (c), (d), (g), (h), (k), and (1). Gray, blue, and red curves denote the prior profiles, static observation
weighting TCKF1D-Var retrievals, and adaptive observation weighting TCKF1D-Var retrievals, respectively. Shaded regions indicate the

95 % confidence intervals.

corrections to the prior temperature profiles. A similar con-
clusion can be drawn from the temperature RMSE profiles
(Fig. 6f). Although a slight reduction in RMSE is evident,
the magnitude of the improvement is considerably smaller
than that obtained from the corresponding GMWR-based re-
trievals (Fig. 3f) and remains practically negligible. In con-
trast, more pronounced improvements are observed in the re-
trievals of water vapor mass mixing ratio. Both frameworks
reduce the errors relative to the prior profiles, while the adap-
tive observation weighting TCKF1D-Var framework consis-
tently achieves smaller MBs and RMSEs than the static ob-
servation weighting approach (Fig. 6g and h), indicating a
more effective utilization of the humidity information pro-
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vided by the MRL observations. The results for cases with
PI exceeding 30 mm further reinforce this behavior. For tem-
perature retrievals, the corrections to both the MB (Fig. 61)
and RMSE (Fig. 6j) remain marginal, and the differences be-
tween the adaptive and static weighting schemes are small.
This finding is consistent with the corresponding GMWR-
based results shown in Fig. 3i and j. In contrast, the adap-
tive observation weighting framework produces larger reduc-
tions in both the MB (Fig. 6k) and RMSE (Fig. 61) of the
retrieved water vapor mass mixing ratio than the static obser-
vation weighting framework. Therefore, even under the most
intense precipitation conditions considered in this study, the
primary advantage of the adaptive observation weighting
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strategy remains its enhanced capability to improve the re-
trieval of atmospheric moisture profiles, whereas its influ-
ence on temperature retrievals is comparatively limited.

4.2.2 Vertical variability of adaptive weights

Following the analysis strategy adopted in Sect. 4.1.2 for
the GMWR observations, the vertical distributions of the
adaptive observation weights assigned to MRL observations
were examined using boxplots (Fig. 7). For the complete
set of heavy precipitation cases (Fig. 7a), both the median
weights and the mean weights exhibit a clear increase with
height. This feature is particularly evident in the mean val-
ues, which reveal a transition around 1200ma.g.l. Below
this altitude, the weights diagnosed by the adaptive observa-
tion weighting framework remain relatively stable, generally
ranging between 96 % and 97 %. Above 1200 m, the average
weights exceed 97 % and remain consistently high through-
out the remainder of the profile. In addition to the increase in
weight magnitude, the variability of the diagnosed weights
also changes with height. The differences between the me-
dian and mean values are noticeably larger below 1200 m
than above, suggesting a stronger dependence of the assigned
weights on atmospheric conditions in the lower troposphere.
This interpretation is further supported by the larger num-
ber of outliers observed below 1200 m, indicating more pro-
nounced variability in the utilization of MRL observations
near the surface.

The results for cases with hourly accumulated precipita-
tion between 10 and 20 mm (Fig. 7b) closely resemble those
obtained from the full dataset. Both the overall magnitude of
the weights and their vertical structure are nearly identical
to those shown in Fig. 7a. As discussed for the GMWR ex-
periments, this similarity is expected because the 10-20 mm
precipitation category accounts for 76.6 % of all validation
cases and therefore dominates the aggregate statistics. For
cases with hourly accumulated precipitation between 20 and
30 mm (Fig. 7¢), the general tendency of increasing weights
with height is still evident. However, the transition altitude
shifts downward to approximately 450 ma.g.l. In addition,
localized decreases in the mean weights are observed near
1.2 and 2.4 km, producing noticeable discontinuities in the
otherwise smooth vertical structure. These features suggest
that the contribution of MRL observations to the retrieval
process becomes more height-dependent under stronger pre-
cipitation conditions. A similar downward shift of the transi-
tion altitude is also found for the most intense precipitation
events (Fig. 7d). Although the overall “lower-weight-higher-
weight” pattern remains evident, the transition occurs at ap-
proximately 600 m a.g.l., substantially lower than that identi-
fied from the complete dataset. Despite the relatively limited
sample size of this precipitation category, the persistence of
this feature indicates that the vertical distribution of the di-
agnosed observation weights may vary systematically with
precipitation intensity. Such behavior suggests that the adap-
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tive observation weighting framework adjusts the utilization
of MRL observations in response to changing atmospheric
conditions, particularly within the lower troposphere where
precipitation-related processes are most active.

The phenomenon that observed increase in adaptive ob-
servation weights with height may be related to the altitude-
dependent characteristics of the MRL observations. In the
lower atmosphere, particularly within the planetary bound-
ary layer, the thermodynamic environment is strongly influ-
enced by local moisture transport, turbulent mixing, surface
heterogeneity, and precipitation-related processes (Zhang et
al., 2018; Ma et al., 2026). These factors can introduce sub-
stantial spatial and temporal variability into the observed hu-
midity field, leading to larger observation residuals and in-
creased uncertainty in the retrieval process. Consequently,
the adaptive weighting framework tends to assign relatively
lower and more variable weights to MRL observations in the
lower troposphere. At higher altitudes, the atmospheric envi-
ronment is generally less affected by near-surface processes
and exhibits smoother vertical structures. Under such condi-
tions, the consistency between the observations and the re-
trieval framework tends to improve, resulting in smaller ob-
servation residuals and more stable optimized weights, and
consequently a more stable assessment of the relative obser-
vational influence within the retrieval framework. This be-
havior is reflected by the higher median and mean weights
as well as the reduced number of outliers observed above the
transition altitude in Fig. 7. Therefore, the diagnosed vertical
distribution of observation weights suggests that the adap-
tive observation weighting framework dynamically adjusts
its confidence in MRL observations according to the altitude-
dependent characteristics of the atmospheric moisture field.
It should be noted, however, that the adaptive weights are
determined jointly by the observation residuals, background-
state uncertainties, and the retrieval framework itself. There-
fore, the mechanisms discussed above should be regarded as
plausible interpretations rather than definitive explanations.
Additional investigations based on observation-error diag-
nostics and information-content analyses would be required
to fully quantify the physical processes responsible for the
observed vertical weight distributions.

4.3 Adaptive weighting in synergistic multi-sensor
retrievals

4.3.1 Synergistic retrieval performance of multi-sensor
observations

Sections 4.1 and 4.2 demonstrated that, when using either
GMWR or MRL observations individually, the adaptive ob-
servation weighting TCKF1D-Var framework generally pro-
duces thermodynamic retrievals with lower MBs and RMSEs
than those obtained using the static observation weighting
framework. The improvements are particularly evident for
the retrieval of water vapor mass mixing ratio. An important
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Figure 7. Statistical distributions of observation weights diagnosed by the adaptive observation weighting TCKF1D-Var framework for
MRL observations at different heights. Panels (a)—(d) correspond to all nocturnal heavy precipitation cases, cases with hourly accumulated
precipitation of 10-20 mm, 20-30 mm, and > 30 mm, respectively. The box boundaries indicate the first and third quartiles, the green vertical
lines denote the medians, and the blue squares indicate the means. Whiskers extend to 1.5 times the interquartile range, and red dots denote
outliers.

question is whether these advantages are maintained when frameworks improve the prior temperature profiles, while

the two observing systems are combined within a unified re- the differences in temperature MB between the adaptive and
trieval framework. To address this issue, the performance of static weighting schemes remain relatively small (Fig. 8a). In
the adaptive and static observation weighting schemes un- contrast, a more noticeable advantage of the adaptive obser-
der GMWR-MRL synergistic retrieval condition is exam- vation weighting framework is apparent in the temperature
ined in this section. Figure 8 summarizes the retrieval errors RMSE profiles (Fig. 8b), where the adaptive scheme consis-
obtained from the synergistic inversion of GMWR and MRL tently achieves smaller retrieval errors than the static weight-
observations. Similar to the results obtained from the single- ing approach throughout much of the atmospheric column.
instrument experiments (Figs. 2a and 5a), both retrieval The benefits of adaptive observation weighting are more pro-
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Figure 8. Same as Figs. 2 and 5, but for retrievals based on the synergistic assimilation of GMWR and MRL observations. Panels (a) and
(b) show the vertical distributions of temperature MB and RMSE, respectively, while panels (¢) and (d) show the corresponding statistics for
water vapor mass mixing ratio. Gray, blue, and red curves represent the prior profiles, static observation weighting TCKF1D-Var retrievals,
and adaptive observation weighting TCKF1D-Var retrievals, respectively. Shaded regions indicate the 95 % confidence intervals.

nounced for the retrieval of water vapor mass mixing ratio.
As shown in Fig. 8c and d, both the MB and RMSE ob-
tained from the adaptive observation weighting TCKF1D-
Var framework are smaller than those produced by the static
observation weighting framework. This result is consistent
with the findings from the individual GMWR and MRL ex-
periments (Figs. 2c, d and 5Sc, d), further demonstrating the
ability of the adaptive weighting strategy to make more ef-

https://doi.org/10.5194/gmd-19-9555-2026

fective use of water vapor-related observational information.
A comparison between the synergistic retrieval results and
the corresponding single-instrument retrievals reveals an ad-
ditional benefit of combining GMWR and MRL observa-
tions. Relative to the retrievals based on either GMWR or
MRL observations alone, the joint retrievals exhibit further
reductions in both the MB and RMSE of water vapor mass
mixing ratio, with the improvement reaching approximately

Geosci. Model Dev., 19, 9555-9580, 2026
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0.02 gkg™!. Importantly, this enhancement is observed in
both the adaptive and static weighting frameworks, indicat-
ing that the complementary information provided by the two
observing systems contributes to a more accurate characteri-
zation of the atmospheric thermodynamic structure. The con-
sistent lower retrieval errors achieved by the adaptive frame-
work suggest that the lowest retrieval errors among all exper-
iments further suggests that dynamically adjusting observa-
tional weights remains beneficial even when multiple obser-
vation types are assimilated simultaneously.

The retrieval performance stratified by precipitation inten-
sity for the GMWR-MRL synergistic experiments is pre-
sented in Fig. 9. Overall, the results are broadly consistent
with those obtained from the single-instrument experiments
(Figs. 3 and 6), indicating that the principal retrieval char-
acteristics identified for the adaptive observation weighting
framework remain robust when multiple observation types
are assimilated simultaneously. For cases with PI between
10 and 20 mm, the vertical distributions of both the MB
(Fig. 9a and c) and root-mean-square error RMSE (Fig. 9b
and d) closely resemble those obtained from the overall eval-
uation shown in Fig. 8. This similarity is expected because
this precipitation category represents the majority of the val-
idation dataset and therefore dominates the aggregate statis-
tics. Consequently, the retrieval characteristics observed in
the overall assessment are largely representative of the 10—
20 mm precipitation subset. For cases with PI between 20
and 30 mm, the improvements in temperature retrievals re-
main relatively modest. Both the adaptive and static observa-
tion weighting frameworks produce only limited reductions
in temperature errors, with the reductions in RMSE (Fig. 9f)
being slightly larger than those in MB (Fig. 9¢). Within this
precipitation category, the superiority of the adaptive obser-
vation weighting framework over the static weighting frame-
work is only marginally evident and is primarily reflected in
the temperature RMSE profiles. In contrast, the advantages
of adaptive weighting are more apparent for the retrieval
of water vapor mass mixing ratio. The adaptive observa-
tion weighting TCKF1D-Var framework consistently yields
smaller MBs (Fig. 9g) and RMSEs (Fig. 9h) than the corre-
sponding static observation weighting framework, indicating
a more effective utilization of the complementary humidity
information provided by the GMWR and MRL observations.
For the most intense precipitation cases, with PI exceeding
30 mm, the relative performance differences between the two
retrieval frameworks become most apparent in the retrieval of
atmospheric moisture. Although both frameworks improve
the prior thermodynamic profiles, the adaptive observation
weighting approach produces noticeably smaller errors in the
retrieved water vapor mass mixing ratio. This advantage is
particularly evident in the RMSE profiles (Fig. 91), where
the separation between the adaptive and static weighting re-
trievals is most clearly expressed. These results further sup-
port the conclusion that the primary benefit of the adaptive
observation weighting strategy lies in its enhanced ability to
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extract water vapor-related information from the assimilated
observations, while the corresponding improvements in tem-
perature retrievals remain comparatively limited.

To quantitatively assess the contributions of the adap-
tive observation weighting and static observation weight-
ing TCKF1D-Var frameworks to thermodynamic profile re-
trievals, bias reduction rates were calculated for both the
MB and RMSE. For MB, the reduction rate is defined
as ) (MBanatysis— MBERA5)/ D MBgRras, Where MB apatysis
denotes the mean bias of the retrievals produced by ei-
ther the adaptive or static observation weighting framework,
and MBgras represents the corresponding mean bias of the
ERAS prior profiles. Similarly, the RMSE reduction rate is
defined as Z(RMSEAnalysis — RMSEEgRras)/ ZRMSEERAS’
where RMSEnalysis and RMSEgras denote the RMSEs of
the retrieval and prior profiles, respectively. According to
these definitions, negative values indicate that the retrieval
framework reduces the corresponding error relative to the
prior profile, while larger absolute values correspond to more
detectable improvements.

Table 2 summarizes the temperature MB and RMSE re-
duction rates for the GMWROnly, MRLOnly, and GWM-
RnMRL retrievals across different precipitation categories as
well as for the complete heavy-precipitation dataset. Over-
all, the adaptive observation weighting TCKF1D-Var frame-
work consistently achieves larger reductions in both MB
and RMSE than the static observation weighting frame-
work, confirming its superior ability to improve tempera-
ture profile retrievals. However, the magnitude of these im-
provements varies with both precipitation intensity and the
type of observations assimilated. A comparison among the
three experimental configurations reveals that the tempera-
ture retrievals obtained from the GMWROnly and GWMRn-
MRL retrievals generally exhibit larger reductions in MB and
RMSE than those obtained from the MRLOnly retrievals.
This behavior is physically reasonable given the character-
istics of the observing systems. The GMWR includes mul-
tiple oxygen absorption channels that are directly sensitive
to atmospheric temperature variations and therefore provide
strong constraints on temperature retrievals. In contrast, the
nitrogen Raman and water-vapor Raman channels of the
MRL primarily contain information related to atmospheric
moisture, resulting in a comparatively weaker impact on tem-
perature retrieval accuracy. Consequently, retrievals incorpo-
rating GMWR observations are expected to outperform the
MRLOnly retrievals with respect to temperature profile cor-
rection. Additionally, although the GWMRnMRL retrievals
benefits from the complementary information provided by
both observing systems, its temperature retrieval perfor-
mance does not consistently exceed that of the GMWROnly
retrievals. This finding suggests several possible explana-
tions. First, while the adaptive observation weighting frame-
work is effective at extracting information from individual
observing systems, its capability to optimally balance in-
formation from multiple observation sources may still be

https://doi.org/10.5194/gmd-19-9555-2026
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Figure 9. Same as Figs. 3 and 6, but for retrievals based on the synergistic assimilation of GMWR and MRL observations. Panels (a)-(d) show
the MB and RMSE profiles of temperature and water vapor mass mixing ratio retrievals for cases with hourly accumulated precipitation of
10-20 mm. Panels (e)—(h) show the corresponding results for cases with hourly accumulated precipitation of 20-30 mm, while panels (i)—(1)
present the results for cases with hourly accumulated precipitation exceeding 30 mm. Temperature retrieval statistics are shown in panels (a),
(b), (e), (f), (i), and (j), and water vapor mass mixing ratio retrieval statistics are shown in panels (c), (d), (g), (h), (k), and (1). Gray, blue, and
red curves denote the prior profiles, static observation weighting TCKF1D-Var retrievals, and adaptive observation weighting TCKF1D-Var
retrievals, respectively. Shaded regions indicate the 95 % confidence intervals.

limited, leaving room for further methodological improve-
ments in multi-instrument retrieval applications. Second, the
MRL configuration used in this study primarily provides wa-
ter vapor-related information. It is therefore conceivable that
incorporating advanced Raman lidar systems equipped with
rotational Raman channels, which provide direct temperature
observations in addition to water-vapor measurements, could
enhance the temperature constraints available to the synergis-
tic retrieval framework and thereby improve the performance
of the GWMRnMRL retrievals. At present, however, these
interpretations remain speculative and require additional ex-
periments and observational studies for verification.

https://doi.org/10.5194/gmd-19-9555-2026

Table 3 summarizes the MB and RMSE reduction rates of
the retrieved water vapor mass mixing ratio profiles for the
GMWROnly, MRLOnly, and GWMRnMRL retrievals under
different precipitation categories as well as for the complete
heavy-precipitation dataset. Consistent with the findings pre-
sented in the preceding sections, the results further confirm
that the adaptive observation weighting TCKF1D-Var frame-
work achieves larger reductions in both MB and RMSE than
the corresponding static observation weighting framework,
demonstrating its superior capability for improving water va-
por mass mixing ratio retrievals. From the perspective of MB
reduction rates, the GWMRnMRL retrievals generally ex-
hibits larger error reductions than either the GMWROnly or

Geosci. Model Dev., 19, 9555-9580, 2026
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Table 2. Temperature Bias Reduction Rate.

Q. Zhang et al.:

Adaptive observation weighting in TCKF1D-Var

Evaluation Variable  Experiment Name GMWROnly GMRLOnly GWMRnMRL
Test Name Static Adaptive Static Adaptive Static Adaptive
Weighting  Weighting | Weighting  Weighting | Weighting  Weighting
Pl € [10mm,20mm) | —0.412% —0.575% | —0.396% —0.561% | —0.394% —0.558%
MB Pl € [20mm,30mm) | —0.403% —0.557% | —0.400% —0.546% | —0.408% —0.564 %
PI € [30mm, +00) —0532% —0.69% | —0.435% —0.598% | —0.539% —0.734%
All Cases —0419% —0.581% | —0.401% —0.565% | —0.407% —0.571%
Pl € [10mm,20mm) | —0.356% —0.746% | —0.348% —0.752% | —0.317% —0.696 %
RMSE Pl € [20mm,30mm) | —0.414% —0.820% | —0.404% —0.821% | —0412% —0.816%
PI € [30mm, +00) —0262% —0.767% | —0.321% —0.748% | —0.349% —0.615%
All Cases —-0.360% —0.761% | —0.356% —0.764% | —0.317% —0.711%
Table 3. Water Vapor Mass Mixing Ratio Bias Reduction Rate.
Evaluation Variable  Experiment Name GMWROnly MRLOnly GWMRnMRL
Test Name Static Adaptive Static Adaptive Static Adaptive
Weighting  Weighting | Weighting  Weighting | Weighting = Weighting
Pl e [10mm,20mm) | —2.259% —3.451% | —2272% —3.798% | —2.346% —4.302%
MB Pl € [20mm,30mm) | —2.065% —3.118% | —2.225% —3.661% | —2.317% —4.057%
PI € [30 mm, +00) —2167% —3.681% | —2.154% —3.024% | —2.224% —3.674%
All Cases —2221% —3.406% | —2.248% —3.745% | —2.327% —4.205%
Pl e [10mm,20mm) | —0.767% —1207% | —1.293% —1.734% | —1.047% —1.387%
RMSE Pl € [20mm,30mm) | —0.745% —1.259% | —1.527% —1998% | —1.217% —1.606 %
PI € [30mm, 4-00) —089% —-1.151% | —1.053% —1511% | —1.166% —0.977%
All Cases —0.786% —1220% | —1315% —1.762% | —1.106% —1.400 %

MRLOnly retrievals. This result indicates that the synergis-
tic assimilation of GMWR and MRL observations provides
additional constraints on atmospheric moisture profiles be-
yond those available from either observing system individu-
ally. However, the magnitude of the improvement obtained
from the synergistic retrieval is substantially smaller than
the sum of the improvements achieved by the two single-
instrument experiments. Such behavior is expected because
both observing systems contain overlapping information re-
lated to atmospheric water vapor concentration, resulting in a
certain degree of information redundancy. At the same time,
the non-additive nature of the improvement suggests that the
adaptive observation weighting framework may not yet fully
exploit the complementary information contained in multiple
observation sources, leaving room for further methodological
refinement. A different behavior is observed for the RMSE
reduction rates: the MRLOnly retrievals produces the largest
RMSE reductions among the three experimental configura-
tions. Given that Raman lidar observations provide direct
constraints on the vertical distribution of atmospheric mois-
ture, this result highlights the strong contribution of MRL
observations to water vapor mass mixing ratio retrieval ac-
curacy. At the same time, the fact that the synergistic re-
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trieval does not consistently outperform the MRLOnly exper-
iment in terms of RMSE reduction suggests that further im-
provements may be possible in the way multiple observation
types are integrated within the adaptive observation weight-
ing framework. In particular, future developments may focus
on more effectively balancing redundant and complementary
information from different observing systems during the re-
trieval process. A comparison between Tables 2 and 3 further
reveals a consistent feature across all experiments. Regard-
less of whether single-instrument observations or synergistic
GMWR-MRL observations are assimilated, both the adap-
tive and static observation weighting frameworks achieve
substantially larger reductions in MB and RMSE for wa-
ter vapor mass mixing ratio than for temperature. This be-
havior is consistent with the observational characteristics of
the instruments employed in this study and reinforces the
conclusion that the primary benefit of the adaptive observa-
tion weighting framework lies in its enhanced ability to uti-
lize humidity-related observational information for thermo-
dynamic profile retrieval.

https://doi.org/10.5194/gmd-19-9555-2026
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4.3.2 Relative observational contributions from
different sensors

To investigate how the incorporation of MRL observa-
tions influences the channel weights assigned to GMWR
observations within the adaptive observation weighting
TCKF1D-Var framework, the differences between the chan-
nel weights diagnosed from the GMWR-MRL syner-
gistic retrievals (Weightgﬁg"\,gnMRL) and those obtained

from the GMWROnly experiment (Weightgyiwronty) Were

calculated. Specifically, the quantity Weightgﬁvw\,ﬁnMRL —

Weightgywrony Was used to quantify the impact of the
synergistic retrieval on the weighting assigned to each
GMWR channel. The resulting distributions are summarized
in Fig. 10 using boxplots for different precipitation cate-
gories.

Overall, the results indicate that the channels identified
as the most stable and informative in the single-instrument
experiments retain their dominant roles in the synergistic
retrieval framework. In particular, the water-vapor chan-
nels at 22.235, 23.035, and 23.835 GHz and the oxygen ab-
sorption channels at 53.85, 54.94, and 56.66 GHz exhibit
weight differences that remain centered near zero for most
cases (Fig. 10a), indicating that the introduction of MRL
observations has only a limited impact on their diagnosed
contributions. This behavior is consistent with the findings
from Fig. 4, where these channels were shown to possess
consistently large weights and relatively small case-to-case
variability. The persistence of these characteristics suggests
that the information provided by these channels remains ro-
bust even when additional observational constraints are in-
troduced. In contrast, the channels at 26.235, 51.25, and
52.28 GHz display a different behavior. For these channels,
the median weight differences are generally positive, indi-
cating that their relative contributions tend to increase when
GMWR and MRL observations are assimilated simultane-
ously. However, the substantial separation between the me-
dian and mean values, together with the broad distribu-
tions and numerous outliers, reveals considerable case-to-
case variability. Therefore, although these channels appear to
benefit from the synergistic retrieval framework on average,
their contributions remain strongly dependent on the specific
atmospheric conditions associated with individual precipita-
tion events. The precipitation-category analysis further sup-
ports this interpretation. The characteristics described above
are particularly evident for the 10-20 mm cases (Fig. 10b)
and the > 30 mm cases (Fig. 10d), where the positive shifts
in the median weights of the 26.235, 51.25, and 52.28 GHz
channels are clearly visible. By comparison, the correspond-
ing signals are less pronounced for the 20-30 mm category
(Fig. 10c), suggesting a weaker or less consistent response
of these channels to the inclusion of MRL observations.
Taken together, these results indicate that the synergistic re-
trieval framework primarily affects the channels that exhib-
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ited strong case dependence in the single-instrument exper-
iments, while the most stable and information-rich channels
remain largely unaffected by the introduction of additional
observations.

Using the same diagnostic approach as that employed
for Fig. 10, the impact of synergistic GMWR-MRL re-
trievals on the weights assigned to MRL observations
was quantified by calculating the difference between the
MRL weights diagnosed in the GWMRnMRL experiment
(WeightgﬁggnMRL) and those obtained from the MR-
LOnly experiment (Weightgywronty)- The resulting quan-
tity, WeightSM%ﬁnMRL — Weightgyvwronly» Provides a direct
measure of how the inclusion of GMWR observations modi-
fies the contribution of MRL observations within the adap-
tive observation weighting TCKFI1D-Var framework. The
statistical distributions of these weight differences are shown
in Fig. 11. For the complete dataset (Fig. 11a), the influ-
ence of GMWR observations on the diagnosed MRL weights
exhibits a clear height dependence. Below approximately
900 m a.g.1., the weight differences remain close to zero, in-
dicating that the contribution of MRL observations in the
adaptive weighting framework is largely unaffected by the
addition of GMWR measurements. Between approximately
900 and 1800 m, the weight differences become slightly posi-
tive, suggesting a modest enhancement of the contribution of
MRL observations under synergistic retrieval conditions. In
contrast, a noticeable reduction in MRL weights is observed
between approximately 1800 and 3000 m, implying that part
of the information previously attributed to MRL observa-
tions in the single-instrument retrievals is redistributed when
GMWR observations are introduced. These features become
even more pronounced in the 10-20 mm precipitation cate-
gory (Fig. 11b), which dominates the overall sample popula-
tion. A different behavior emerges for the more intense pre-
cipitation categories. For cases with hourly accumulated pre-
cipitation between 20 and 30 mm and those exceeding 30 mm
(Fig. 11c and d), the distinct height-dependent patterns ob-
served in Fig. 11a and b become much less evident. This re-
sult suggests that the interaction between GMWR and MRL
observations within the adaptive weighting framework is not
constant but varies with precipitation intensity and the asso-
ciated atmospheric conditions.

When Figs. 10 and 11 are interpreted together with the
retrieval statistics summarized in Table 3, several additional
insights emerge. Table 3 indicates that the synergistic GWM-
RnMRL retrievals do not exhibit a simple additive improve-
ment in water vapor mass mixing ratio retrieval accuracy.
Although the synergistic retrieval generally achieves larger
MB reduction rates than the corresponding single-instrument
experiments, the magnitude of the improvement remains
smaller than the sum of the individual contributions. More-
over, the RMSE reduction rates do not consistently exceed
those obtained from the MRLOnly experiment. The weight
diagnostics provide a possible explanation for this behav-

Geosci. Model Dev., 19, 9555-9580, 2026
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Figure 10. Boxplots of the differences in GMWR channel weights between the GWMRnMRL and GMWROnly experiments diagnosed by
the adaptive observation weighting TCKF1D-Var framework. Results are shown for (a) all nocturnal heavy precipitation cases, (b) cases
with hourly accumulated precipitation between 10 and 20 mm, (c) cases with hourly accumulated precipitation between 20 and 30 mm, and
(d) cases with hourly accumulated precipitation exceeding 30 mm. The boxes represent the interquartile range (IQR), with the lower and
upper edges corresponding to the first and third quartiles, respectively. The green horizontal lines indicate the median values, while the blue
squares denote the mean values. Whiskers extend to 1.5 times the IQR, and red dots represent outliers beyond this range.

ior. As shown in Fig. 10, the inclusion of MRL observations
tends to increase the contribution of several GMWR chan-
nels, particularly those that exhibited strong case dependence
in the single-instrument experiments. Conversely, Fig. 11
shows that the contribution of MRL observations decreases
at higher altitudes after GMWR observations are introduced.
Together, these results suggest that the adaptive observation
weighting framework dynamically adjusts the relative influ-
ence of the two observing systems within the retrieval pro-
cess according to the prevailing observational and environ-
mental conditions, rather than simply applying fixed weight-
ing factors to the two observation types. Overall, the results
confirm that the adaptive observation weighting TCKFI1D-
Var framework is capable of making more effective use of
both single-instrument and synergistic observations than the
corresponding static weighting framework. Nevertheless, the
diagnosed redistribution of observational weights and the
non-additive retrieval improvements indicate that opportuni-
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ties remain for further methodological development. In par-
ticular, future work should focus on improving the exploita-
tion of complementary information from multiple observing
systems and on identifying strategies to better balance redun-
dant and unique observational constraints within the retrieval
framework.

5 Summary and concluding remarks

This study developed an adaptive observation weighting
TCKFI1D-Var retrieval framework and evaluated its perfor-
mance for thermodynamic profile retrievals before nocturnal
heavy-precipitation onset using ground-based microwave ra-
diometer (GMWR) observations, Mie—Raman lidar (MRL)
observations, and synergistic GMWR-MRL observations. A
total of 107 nocturnal heavy-precipitation cases collected
from 26 observational sites were used to assess the capa-
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Figure 11. Same as Fig. 10, but for the differences in MRL observation weights between the GWMRnMRL and MRLOnly experiments.

bility of the proposed framework and to compare its perfor-
mance with that of a conventional static observation weight-
ing TCKF1D-Var approach.

The results demonstrate that both the adaptive and static
observation weighting frameworks are capable of utilizing
GMWR and MRL observations to improve the prior ther-
modynamic profiles from ERAS reanalysis dataset. How-
ever, the adaptive observation weighting strategy consistently
achieves lower retrieval errors than the corresponding static
weighting approach. The improvement is particularly evi-
dent for water vapor mass mixing ratio, whereas the im-
pact on temperature retrievals is comparatively modest. For
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GMWROnly retrievals, the adaptive weighting framework
reduces both the mean bias and root-mean-square error of
the retrieved moisture profiles, with the largest improvements
occurring between approximately 0.6 and 4.8 kma.g.l. Sim-
ilar behavior is observed for MRLOnly retrievals, where the
adaptive weighting strategy provides a more effective utiliza-
tion of humidity-related observational information and leads
to systematically improved moisture-profile retrievals.

The analysis of precipitation-intensity-dependent retrieval
performance further indicates that the benefits of adaptive
observation weighting are most robust for weak-to-moderate
nocturnal heavy-precipitation events. Under the strongest
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precipitation conditions examined in this study, hourly ac-
cumulated precipitation exceeding 30 mm, the superiority
of the adaptive weighting strategy becomes less apparent
for GMWROnly retrievals, likely because increased obser-
vational uncertainties associated with heavy rainfall reduce
the effectiveness of dynamically adjusting observation-error
characteristics. Nevertheless, the adaptive weighting frame-
work continues to provide measurable improvements for
moisture retrievals based on MRL observations and syner-
gistic multi-sensor retrievals. The diagnostic analysis of the
adaptive weights provides additional insight into the behav-
ior of the retrieval framework. For GMWR observations, six
channels, including the 22.235, 23.035, 23.835, 53.85, 54.94,
and 56.66 GHz channels, consistently receive large weights
and exhibit relatively stable contributions across different
precipitation conditions. In contrast, the 26.235, 51.25, and
52.28 GHz channels display stronger case-to-case variability,
suggesting a more condition-dependent retrieval accuracy
contribution. For MRL observations, the adaptive weights
generally increase with altitude, indicating that the frame-
work assigns greater confidence to observations obtained
above the lower troposphere. This behavior suggests that the
adaptive weighting algorithm responds dynamically to the
altitude-dependent characteristics of atmospheric moisture
variability and observation uncertainty.

When GMWR and MRL observations are assimilated syn-
ergistically, the adaptive observation weighting framework
continues to outperform the static weighting framework. The
synergistic retrievals generally produce the smallest retrieval
errors among all experiments, particularly for water vapor
mass mixing ratio. However, the improvements obtained
from the multi-sensor retrievals are not simply equal to the
sum of the improvements achieved by the individual observ-
ing systems. Weight-diagnostic analyses reveal that the adap-
tive weighting framework actively redistributes observational
influence between GMWR and MRL observations, increas-
ing the contribution of some GMWR channels while reduc-
ing the contribution of MRL observations at certain altitudes.
These findings indicate that the current framework is capable
of exploiting both redundant and complementary informa-
tion from multiple observing systems, but also suggest that
the full potential of multi-sensor information fusion has not
yet been realized.

Geosci. Model Dev., 19, 9555-9580, 2026

Overall, the results demonstrate that the adaptive obser-
vation weighting TCKF1D-Var framework provides a prac-
tical and effective approach for improving thermodynamic
profile retrievals under heavy-precipitation conditions. Com-
pared with conventional static observation weighting, the
proposed framework offers greater flexibility in balancing
observational and background information and exhibits en-
hanced capability for retrieving atmospheric moisture pro-
files. At the same time, several limitations remain. Although
the adaptive observation weights improve retrieval accuracy,
the present results primarily support their interpretation as
mathematical scaling factors that regulate the relative influ-
ence of different observations within the minimization pro-
cess and facilitate the satisfaction of the virtual potential tem-
perature constraint. At the same time, the diagnosed weights
exhibit certain characteristics that are consistent with differ-
ences in the relative information contributions of the observa-
tions, suggesting that they may contain information beyond
purely mathematical scaling. However, the current experi-
ments do not allow these two roles to be quantitatively sepa-
rated or their relative contributions to be determined. Further
diagnostic studies are therefore needed to establish a more
rigorous interpretation of the adaptive observation weights.
In addition, this study considered only a specific combina-
tion of GMWR and MRL observations and a limited number
of heavy-precipitation cases. The applicability and robust-
ness of the framework to other remote-sensing observations,
such as ground-based hyperspectral infrared spectrometers,
and to other high-impact weather conditions, including se-
vere convective winds and hail, warrant further investigation.
Nevertheless, because the present study uses a single ERAS
background dataset and does not explicitly conduct sensitiv-
ity experiments with different background uncertainty spec-
ifications, the extent to which the retrieval improvements re-
main consistent under substantially different background un-
certainties cannot be fully established here and warrants fur-
ther investigation.

Appendix A: Methodological development of the
TCKF1D-Var framework

Table A1 summarizes the methodological development of the
TCKFI1D-Var framework across the previous GMWR-based
formulation, the subsequent extension to MRL observations,
and the adaptive observation weighting framework proposed
in this study.
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Table A1. Comparison of the Methodological Developments of the TCKF1D-Var Framework.
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Aspect

Original TCKF1D-Var
(Zhang et al., 2026a; GMD)

Extended TCKF1D-Var
(Zhang et al., 2026b; AMT)

Adaptive observation weighting
TCKF1D-Var
(this study)

Primary objective

Develop a thermodynamically
constrained retrieval framework
for GMWR observations

Extend TCKF1D-Var to exploit
high-resolution MRL water-vapor
observations

Adaptively determine the relative
influence of heterogeneous
observations during retrieval

Main observations

GMWR brightness temperatures

MRL water-vapor and nitrogen
Raman observations

Synergistic GMWR and MRL
observations

Retrieved variables

Temperature, water vapor, and
hydrometeor profiles

water vapor profiles

Temperature, water vapor, and
hydrometeor profiles

Thermodynamic Virtual potential temperature Virtual potential temperature Virtual potential temperature

constraint

Microphysical WSM3 WSM3 WSM3

constraint

Observation RTTOV-gb Physics-informed MRL Raman RTTOV-gb and Physics-informed

operator observation operator, including MRL Raman observation operator,
molecular and aerosol extinction including molecular and aerosol
effects extinction effects

Observation Fixed weighting Fixed weighting Adaptive weighting

weighting

Key methodological ~ Physical and thermodynamic Extension of the physically Adaptive rather than fixed

advance constraints improve the stability constrained framework to observational weighting for

and physical consistency of
GMWR retrievals

high-resolution Raman lidar
observations

multi-instrument synergistic
retrieval

version of

the code
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and dataset used to produce the results presented in
this study is archived on Zenodo (Zhang et al., 2026c;
https://doi.org/10.5281/zenodo.20603287).  All TCKF1D-Var
retrieval products are stored in NetCDF format.
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